A quantitative structure -antioxidant activity relationship (QSAR) study of 36 flavonoids was performed using the partial least squares projection of latent structures (PLS) method. The chemical structures of the flavonoids have been characterized by constitutional descriptors, two-dimensional topological and connectivity indices. Our PLS model gave a proper description and a suitable prediction of the antioxidant activities of a diverse set of flavonoids having clustering tendency.
Introduction
Flavonoids (see Figure 1 ), a group of polyphenolic compounds, can widely be found in fruits and vegetables. Numerous positive health effects of flavonoids have been described. They have been reported to exhibit anti-cancer [1] [2] [3] , anti-viral [4] and anti-inflammatory [3, [5] [6] effects, and to reduce the risk of cardiovascular diseases [3, [7] [8] [9] . These activities are generally associated with antioxidant or free radicalscavenging properties of flavonoids. The number of flavonoid derivatives is more than 4000 and their antioxidant properties are very different. It is a complex task to select the most effective antioxidants from a large amount of flavonoids. Quantitative structure-activity relationships (QSAR) have been often used to find correlations between biological activities and physicochemical properties of compounds. Because of their great number and positive biological effects, flavonoids are popular subjects of QSAR studies. Successful prediction of anti-HIV [10, 11] and anti-tumor activities [12, 13] of flavonoid compounds have been reported. Prediction of their inhibitory ability of cytochrome P-450 [14] and p5(lck) protein tyrosine kinase [15] [16] [17] has also been performed. Many structure-activity relationship (SAR) investigations have been performed on the antioxidant activity of flavonoids, however, only a few were, in fact, quantitative. According to these studies, the antioxidant activity of flavonoids depends strongly on the number and position of hydroxyl groups in the molecule. Dihydroxylated B-ring (catechol structure), presence of unsaturation and of 4-oxo function in the C-ring are also presumed to increase the antioxidant capacity [18] [19] [20] . Lien et al. applied calculated parameters such as heat of formation, energy of highest occupied and lowest unoccupied molecular orbital, and number of OH groups for description of antiradical activity of flavonoids and other phenolic compounds [21] . Amić et al. defined indicator variables as the sum of the numbers and position of OH groups in the flavonoids [22] . It is noteworthy, that these models have been developed only for description of existing data. Our aims were (i) to build quantitative models for description and prediction of antioxidant activities of flavonoid compounds, as well as (ii) to classify them on the basis of biological activities and structural encoding.
Experimental
The antioxidant activity data of 36 flavonoids has been taken from reference [23] . These flavonoids can be grouped as follows: flavonols, flavones, flavanones, dihydroflavonols and their carbohydrate derivatives, biflavanones and isoflavones. Their antioxidant activities have been characterized by the ability to inhibit heat-induced oxidation in a β-carotene-linoleic acid-model-system [23] . Structures of flavonoids and antioxidant activity values are shown in Table 1 . The two-dimensional structures were represented using the HyperChem 7.0 program package [24] . The independent variables used for description of the antioxidant activities were constitutional and 2D properties such as topological indices, connectivity indices and molecular walk counts. Using 2D descriptors instead of 3D properties reduced the calculation time significantly. Descriptors have been calculated using the Dragon program package [25] . The program omitted the constant and near constant descriptors, as well as one of the two (or more) variables automatically, which showed a correlation higher than 0.99. The number of calculated descriptors was 147. Model building has been performed by Statistica 5.5 program package [26] using the partial least squares projection of latent structures (PLS) method. The stability and validity of the models have been tested by leave-n-out cross-validation technique. Sixtyseven percent of the flavonoid molecules were chosen as a training-and thirty three percent as a test set. The training set was selected as follows: (i) the entire antioxidant activity scale has been covered, (ii) each flavonoid group was represented, including sugar containing and sugar free flavonoids. The real predictive power has been measured by the PRESS value (predicted error sum of squares). The number of PLS components in the model has been chosen on a minimum value of PRESS and maximum value of R 
Results and Discussion
Retaining 13 PLS components in the model has resulted in a minimum of the PRESS value (PRESS=0.6253). The R 2 value at the minimum value of Y PRESS was 0.9888. These statistical parameters show unambiguously that both the descriptive and the predictive power of the model is appropriate. The regression coefficient values of the independent variables show that connectivity indices play an important role in the description of antioxidant activities. The following descriptors have the highest regression coefficient in the PLS model: x3a (average connectivity index chi1), x2a (x3a (average connectivity index chi2), x3av (average valence connectivity index chi3), x5av (average valence connectivity index chi5), JGI5 (mean topological charge index of order 5), JGI8 (mean topological charge index of order 10). It is interesting, that constitutive descriptors (e.g. number of OH groups in the molecule) have no significant role in this PLS model. Figure 2 shows the PLS component scores. Several separated flavonoid groups can be observed on this plot. Carbohydrate derivatives of flavonoids (lt, ld, ru, qg, nh, l3, lu, for notation see Table 1 ) can be well distinguished from the other compounds. Biflavanones (gb, ga) and flavonoids with a lot of methoxy groups (hm, pm) are also clearly separated from other groups. The plot of the predicted vs. experimental antioxidant activities is given in Figure 3 . In order to give better comparison between the predicted and experimental data Table 2 shows both antioxidant activity values. It shows that this model is adequate, the value of the slope is nearly equal to one and there is only a small additive error in the value of the intercept. The description of flavonoid antioxidant activities is correct and the model provides a suitable prediction in case of most flavonoids. A relatively large difference between the predicted and experimental values can be found in case of some flavonoids (e.g. cr and on a smaller extent lu, h5). This could be explained by the fact, that the flavonoid data set was diverse and 2D descriptors are not able to encode their chemical structures entirely.
Conclusions
While the PLS model obtained this way could be easily constructed (there was no need for geometry optimization of flavonoids; variable selection can be similarly avoided), it provided appropriate description and reasonably accurate prediction for antioxidant activities of a very diverse set of flavonoids. The model can also be used for classification of different flavonoid groups.
